The goal of this paper was to investigate poverty and inequities that are associated with vegetation. First, we performed a pixel-level linear regression on time-series and Normalized Difference Vegetation Index (NDVI) for 72 United States (U.S.) cities with a population ≥250,000 for 16 years (1990, 1991, 1995, 1996, 1997, 1998, and 2001 to 2010) using Advanced Very High Resolution Radiometer 1-kilometer (1-km). Second, from the pixel-level regression, we selected five U.S. cities (Shrinking: Chicago, Detroit, Philadelphia, and Growing: Dallas and Tucson) that were one standard deviation above the overall r-squared mean and one standard deviation below the overall r-squared mean to show cities that were different from the typical cities. Finally, we used spatial statistics to investigate the relationship between census tract level data (i.e., poverty, population, and race) and vegetation for 2010, based on the 1-km grid cells using Ordinary Least Squares Regression and Geographically Weighted Regression. Our results revealed poverty related areas were significantly correlated with positive high and/or negative high vegetation in both shrinking and growing cities. This paper makes a contribution to the academic body of knowledge on U.S. urban shrinking and growing cities by using a comparative analysis with global and local spatial statistics to understand the relationship between vegetation and socioeconomic inequality.
Introduction
The relationship between poverty and the spatial distribution of vegetation, particularly within shrinking and growing cities in the United States (U.S.), has not been adequately examined in the academic literature. Changing vegetation increasing over time is hypothesized to occur unevenly across the urban landscape, thereby requiring an integrated spatiotemporal approach. Vegetation change analysis is very important to urban studies for both creating a comfortable living environment and mitigating urban heat island effects under climate change. Although greening strategies are prominent in urban discussions, the link between shrinkage, its consequences, and the quality of urban ecosystems in shrinking cities has only been addressed marginally [1] . The goal of this study was to fill a gap in the academic literature to examine poverty differences and inequities that are associated with vegetation in five cities for 2010 by using spatial statistics and integrating remote sensing-derived land cover data with socioeconomic data. Global Ordinary Least Squares (OLS) regression and local level Geographically Weighted Regression (GWR) was used in this research to capture local variation and spatial relationships [2] . However, few studies have investigated ways in which this relationship may become complicated in the context of shrinking cities where low-income A research study by [29] recommended using spatial statistics to analyze vegetation for shrinking cities because research is lacking on comparing shrinking and growing cities. Spatial statistics addresses spatial patterns of shrinking and growing cities [29] . To fill the gap, we experimented with a pixel level regression tool to perform trend analysis for 72 cities, analyzing correlation coefficient, standard error, and r-squared metrics against changes in vegetation phenology. This approach is similar to GWR [30, 31] . However, whereas the purpose of GWR is to determine how the coefficients of explanatory variables vary in space, this approach explored how the prediction itself (e.g., some property of the landscape) changes with a single explanatory variable (e.g., time).
Remote sensing offers a practical and economical means to study vegetation cover changes, especially over large areas [32, 33] . We used remote sensing data to understand and quantify the rate of change occurring in the study sites. We integrated remote sensing and census data [34] based on 1-km grid cells [35] using OLS regression and local level GWR statistical methods, which offered a richer framework for understanding detailed trends of urban growth [36] [37] [38] .
The Normalized Difference Vegetation Index (NDVI) was developed on the fact that healthy vegetation has a low reflectance in the red wavelength portion of the electromagnetic spectrum due to absorption by chlorophyll and other pigments, and high reflectance in the Near Infrared Red (NIR) because of the internal reflectance by the mesophyll spongy tissue of a green leaf [39] . We know that vegetation can be derived from high-resolution imagery and combined with digital parcel data, which includes property boundaries for each parcel, to distinguish among vegetation [23, 40] . However, high-resolution imagery is limited by cloud cover and longer re-visit time. Therefore, we used Advanced Very High Resolution Radiometer (AVHRR), which provides a time series of mostly cloud free data.
The objective of this paper was to investigate and extend analysis of the relationship between poverty and vegetation in the five selected cities, by using spatial statistics to investigate the relationship between U.S. Census Tract level data (i.e., poverty, population, and race) and vegetation from year 2010, based on the 1-km grid cells using OLS regression and GWR [35] .
Study Area and Data

Study Area
Shrinking Cities
(1) Chicago, the city is navigated by the Chicago and Calumet waterways. Chicago's broad parklands, including 3000 hectares of city parks, draw in an expected 86 million guests every year. The atmosphere of Chicago is delegated muggy mainland, with each of the four seasons particularly spoke to: wet, cool springs; to some degree sweltering, and frequently moist, summers; agreeably gentle falls; and, icy winters. Average annual precipitation in Chicago is 35.82 inches. Chicago's climate is affected by the adjacent nearness of Lake Michigan amid each of the four seasons. According to the 2010 American Community Survey (ACS), 31.6% of the population was White (non-Hispanic white), 33.2% was Black or African American, and the poverty rate was 21% [41] .
(2) Detroit is in Southeast Michigan arranged in the Midwestern U.S. also, the Great Lake locale. As for the climate, the winters are cold, with moderate snowfall and temperatures not rising above freezing on an average 44 days annually.The warm season runs from May to September. According to the 2010 American Community Survey (ACS), 7.8% of the population was White (non-Hispanic white), 82.6% was Black or African American, and the poverty rate was 34.5% [41] .
(3) Philadelphia is the biggest city in the Commonwealth of Pennsylvania and the sixth most crowded city in the U.S. Regular waterways incorporate the Delaware and Schuylkill streams, the lakes in Franklin Delano Roosevelt Park, and Cobbs, Wissahickon, and Pennypack brooks. The biggest simulated waterway is the East Park Reservoir in Fairmount Park. Concerning the atmosphere, summers are regularly sweltering and moist, fall and spring are by and large gentle, and winter is respectably icy. According to the 2010 American Community Survey (ACS), 36.9% of the population was White (non-Hispanic white), 42.4% was Black or African American, and the poverty rate was 25.1% [41] . population was White (non-Hispanic white), 42.4% was Black or African American, and the poverty rate was 25.1% [41] . Figure 1 represents the U.S. map of cities with population greater than or equal to 250,000 in 2010. 
Growing cities
(1) Dallas is in north Texas; it is a business and social center point of the district. It is the most crowded city in the Dallas-Fort Worth metroplex. The topography of Dallas and its surrounding area are mostly flat; the city itself lies at heights running from 450 to 550 feet (137 to 168 m). The summers in Dallas are extremely sweltering and damp. According to the 2010 American Community Survey (ACS), 28.4% of the population was White (non-Hispanic white), 24.5% was Black or African American, and the poverty rate was 22.3% [41] .
(2) Tucson is located southeast of Phoenix and north of the U.S.-Mexico outskirt. Tucson positioned as the 32nd biggest city in the U.S. A noteworthy city in the Arizona Sun Corridor, Tucson is the biggest city in southern Arizona, the second biggest in the state after Phoenix. It is additionally the biggest city in the zone of the Gadsden Purchase. The atmosphere in Tucson is sweltering summers and calm winters, and is generally cooler and wetter than Phoenix on account of its higher rise. According to the 2010 American Community Survey (ACS), 48.3% of the population was White (non-Hispanic white), 4.5% was Black or African American, and the poverty rate was 21.3% [41] .
Data
Land Cover Data
AVHRR instruments measures the reflectance of the Earth surface in five relatively wide spectral bands. We utilized AVHRR 1-km image data downloaded from USGS remote sensing phenology 
Growing cities
Data
Land Cover Data
AVHRR instruments measures the reflectance of the Earth surface in five relatively wide spectral bands. We utilized AVHRR 1-km image data downloaded from USGS remote sensing phenology (RSP) [42] . This provided a phenological metric, an annual time series Maximum Normalized Difference Vegetation Index (MAXN): the highest (or peak) value in NDVI observed (clear and not contaminated by cloud or cloud shadows) in a growing season (unit less based on NDVI units). The start and end date is typically January 1 and January 3, with weekly data gaps. The MAXN metric identified the value of maximum NDVI observed in an annual growing season at each 1-km × 1-km pixel.
Temporal smoothing of NDVI data was adopted to extract phenological metrics. It does not over-generalize the time-series profile, but eliminates spurious spikes in the NDVI, while retaining sustained changes in NDVI that are representative of vegetation phenological dynamics. The weighted least-square approach for temporal smoothing [43] was adopted for the conterminous U.S. NDVI time series to eliminate anomalously low vegetation index values and reduce time shifts caused by overgeneralization of the NDVI signal.
Socioeconomic Data
Socioeconomic data (i.e., population, poverty, and race) were obtained from the U.S. Census Bureau, using Social Explorer [41] . We joined U.S. Census TIGER Products and shapefiles with socioeconomic data.
Methods
The variables used in the analysis were MAXN, poverty rate, white poverty rate, black poverty rate, percent white, and percent black from 2010 (Table 1) . We used the pixel level regression Curve Fit tool, an extension in ArcMap (ArcGIS). This allowed for us to run regression trend analysis on a series of 72 cities using AVHRR raster datasets for temporal analysis (1990, 1991, 1995, 1996, 1997, 1998 , and 2001 to 2010), taken in consideration that vegetation can be impacted by the climate during the years i.e., really hot, dry, wet, etc. The approach is similar to Geographically Weighted Regression (GWR), (Fotheringham, Brunsdon et al. 2003) .
where
The output produced r-squared, which showed overall performance of the model (Tables 2 and 3 ). For the shrinking cities annotated in bold blue, the overall r-squared mean value was (0.28) and the standard deviation value was (0.08). For the growing cities annotated in bold blue, the overall r-squared mean value was (0.24), and standard deviation value was (0.09). We selected five cities (Shrinking: Chicago, Detroit, Philadelphia, and Growing: Dallas and Tucson), that were one standard deviation above the overall r-squared mean and one standard deviation below the overall r-squared mean, and to show cities that were different from the typical cities. The five cities had a low, typical, and high, 16-year series r-squared mean. , and descriptive statistics of r-squared for 58 Growing Cities. We selected two cities Dallas and Tucson that were one standard deviation above the overall r-squared mean and one standard deviation below the overall r-squared mean, to show cities that were different from the typical cities. The cities had a low, typical, and high, 16-year series r-squared mean. 
Grid Cell Approach
We obtained census tract level socioeconomic data tables from Social Explorer [41] and then we joined the data to U.S. Census TIGER shapefiles. We converted the census tract scale socioeconomic data to 1-km scale grid cell using spatial interpolation by converting census tract data for the five selected cities into 1-km grids [35] . We created blank vector polygon area(s) of the five selected cities. To make the kilometer square grid cells, we used ArcGIS 10.4.1 software. We clipped the grids to the study area. Then, we assigned our variables to the grid cell and used the intersect function to intersect the grids with the census tracts scale socioeconomic data with 1-km grid cell shapefile. Equations (2)-(4) provide the formulas we used for the interpolation.
A w = Partial census tract area weight A i = Individual area of each census tract A t = Total area of the census tract parts ISPRS Int. J. Geo-Inf. 2018, 7, 83 8 of 26
T v = Census tract population C t = Census tract total population A w = Partial census tract area weight
The area of each piece within one grid cell was multiplied by the A w . being gridded. Then, the sum of all the values for all of the tract pieces was aggregated in the grid cell. Advantages of the grid index: (1) converting the socioeconomic data to grid cells enabled us to aggregate each variable inputted and to calculate their proportions in basis grid cells; (2) we were able to synthesis social and economic data with raster images; and (3) we avoided some potential pitfalls in bias with our statistics test related to sample size and neighbors.
Analytic Plan
To study the relationship between vegetation and poverty we will first conduct spatial autocorrelation of our key variables, we will then proceed with a LISA analysis. Our next step will be to run OLS and GWR models to evaluate distribution and variance between the dependent variable MAXN and the random socioeconomic variables (white poverty, black poverty, percent white, and percent black) for the five case study cities. In OLS we will investigate if the distributions of these random variables all have the same variance and a mean of zero. If so, then the least squares method may be the best unbiased linear estimator of the model coefficients. Although we think OLS is not necessarily the best bias estimator in that the coefficients usually lead to having small variance. Finally, we conclude our analysis with GWR to explore the local spatial relationship among the variables.
Spatial Autocorrelation (Moran's I)
Spatial autocorrelation is a common problem in regression models. Tables 4 and 5 (Tables 4 and 5 ). The black population has the highest Moran's I values for Chicago, Detroit, and Dallas. For Philadelphia and Tucson, the highest value was the poverty rate. It is important to note, that the black population values was essentially the same as the poverty when the numbers are rounded to two decimal points. The white population has the highest Moran's I values for Chicago, Dallas, and Tucson. The poverty rates amongst blacks were the highest values in Chicago, Detroit, and Philadelphia. The table provided evidence that a local level analysis may be more appropriate to understand the relationship between vegetation and socioeconomic inequality in growing and shrinking cities. 
LISA Analysis
Based on the global spatial autocorrelation statistics, we computed a local analysis using Local Indicators of Spatial Association (LISA) maps [44] to evaluate spatial clusters of MAXN, poverty rate, white poverty rate, black poverty rate, percent white, and percent black. The analysis was executed using the Contiguity Edges and Corners method to model the spatial relationships. The clusters in the maps were statistically significant at the 95 percent confidence level.
OLS and GWR Analysis
The residuals from OLS were spatially correlated, thus providing evidence that the OLS results were biased. Therefore, we used GWR models to remove the spatial autocorrelation in the residuals. We used the Akaike Information Criterion (AIC) to consider model complexity, thus facilitating a comparison between the overall model results from a 'global' OLS regression model with those from the local GWR model. Finally, we calculated local t-values generated from local GWR models:
In our analysis, we used the 90% confidence level two-tailed test t i values ≥ 1.64 and/or = t i values ≤ −1.64 and the 95% confidence level two-tailed test t i values ≥ 1.96 and/or = t i values ≤ −1.96 to test and compare the significance. In this paper, we limited our visualization of the results at the 95% confidence levels.
Results
Map Comparisons
The LISA maps showed clusters of similarity and dissimilarity. The maps (Figures 2-6) showed some interesting patterns. We noticed where the black populations lived they were not randomly distributed throughout space and it appeared that they were concentrated in certain parts of the cities. We found similar patterns for the white population. In some of the shrinking and growing cities, poverty was right on the edge of being in the suburbs. The spatial process locally reflected similarity next to similarity. In the poverty variables, a similar type of clustering was found. Based on the LISA maps, there appears to be some correlation between positive high and/or negative high vegetation and the socioeconomic variables (poverty, white poverty, black poverty, percent white population, and percent black population) throughout the shrinking and growing cities. There seemed to be some evidence in showing the appearance of spatial relationships overlapping. The size and magnitude of that relationship varied throughout the cities. Our findings suggested that some poverty and white and black populations living in shrinking and growing cities had access to positive high vegetation areas, while others shared social inequalities to negative high vegetation areas. Using these maps as a baseline, we proceeded with our analysis using GWR models. 
Model results
We tested and assessed the best OLS models (global model) and GWR (local level model) ( Tables  6-10 ). In the global regression model, the four socioeconomic variables explain less than 50% of the variance in MAXN. The results for GWR models outperformed the OLS models for each city. This is an important finding suggesting that OLS models may not capture the true relationship between vegetation and socioeconomic inequality, since OLS assumes that the same spatial process over the study area.
In the five models, the global r-squared is smaller and the local r-squared is larger. Detroit had the highest r-squared (0.83), followed by Chicago (0.79) and Philadelphia (0.68). The growing cities had significantly lower r-squared values. Dallas had a value of (0.58) and Tucson had a value of (0.19). The largest range of the local coefficients for Chicago for white poverty was 6.49 (Upper QuantileLower Quantile coefficient values), followed by black poverty (6.10), percent white (4.03), and percent black (5.14) ( Table 6 ). The largest range of the local coefficients for Detroit for white poverty was 9.33 (Upper Quantile-Lower Quantile coefficient values) followed by black poverty (16.99), percent white (37.63), and percent black (10.24) ( Table 7 ). The largest range of the local coefficients for Philadelphia for white poverty was 31.43 (Upper Quantile-Lower Quantile coefficient values) followed by black poverty (24.67), percent white (14.18), and percent black (30.18) ( Table 8 ). The largest range of the local coefficients for Dallas for white poverty was 63.75 (Upper Quantile-Lower Quantile coefficient values) followed by black poverty (50.45), percent white (27.92), and percent black (88.09) ( Table 9 ). The largest range of the local coefficients for Tucson for white poverty was 230.60 (Upper QuantileLower Quantile coefficient values) followed by black poverty (204.80), percent white (47.23) and percent black (342.88) ( Table 10 ). The black poverty rate were statistically significant in all of the shrinking cities, percent white populations were statistically significant in Dallas, and white poverty rate were statistically significant in Tucson. Percent black populations were statistically significant in Chicago and Detroit (high percentage) and Tucson (low percentage).
The results showed that GWR models improved the reliability of the relationships by reducing the spatial autocorrelations in residuals, and the GWR model was an improvement of the OLS regression model. Statistically significant positive spatial autocorrelations between the variables were found for all of the OLS regression models. Our results that are presented in the tables indicate that the relationship between vegetation and socioeconomic inequality was in fact local and fluid. We 
We tested and assessed the best OLS models (global model) and GWR (local level model) ( Tables 6-10 ). In the global regression model, the four socioeconomic variables explain less than 50% of the variance in MAXN. The results for GWR models outperformed the OLS models for each city. This is an important finding suggesting that OLS models may not capture the true relationship between vegetation and socioeconomic inequality, since OLS assumes that the same spatial process over the study area.
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The results showed that GWR models improved the reliability of the relationships by reducing the spatial autocorrelations in residuals, and the GWR model was an improvement of the OLS regression model. Statistically significant positive spatial autocorrelations between the variables were found for all of the OLS regression models. Our results that are presented in the tables indicate that the relationship between vegetation and socioeconomic inequality was in fact local and fluid. We found an interesting pattern in the overall fitness of the GWR models. The model worked best for shrinking cities. 
Advance Model Comparison Maps
Using the GWR tables as a baseline, we created maps to visualize the parts of the cities that had significant values. Not all of the coefficients analyzed were significant, so we calculated a t-value for each independent variable in the equation (Figures 7-16 ). The colors blue and red were the significant areas for white poverty rate, black poverty rate, percent white, and percent black in the cities. The t-values maps depicted some overlap were the independent variables were statically significant, and as they converged in the same space, there relationships were spatial. OLS, ordinary least squares; GWR, geographically weighted regression; Statistical significant level: ** p < 0.01 and * p < 0.05.
Using the GWR tables as a baseline, we created maps to visualize the parts of the cities that had significant values. Not all of the coefficients analyzed were significant, so we calculated a t-value for each independent variable in the equation (Figures 7-16 ). The colors blue and red were the significant areas for white poverty rate, black poverty rate, percent white, and percent black in the cities. The tvalues maps depicted some overlap were the independent variables were statically significant, and as they converged in the same space, there relationships were spatial. 
Spatial Relationships
We created several maps to visualize the spatial variation of the local r-squared values. The explanatory models were similar to each other in geographical space (Figures 17-21 ). The range of the local r-squared value is blue (0-0.10) green (0.11-0.20), orange (0.21 to 0.30), to red (0.31 to 0.50).
The maps clearly show that the results from the OLS did not capture the true spatial dynamic in shrinking and growing cities: (1) In Chicago, there were higher residual for the variables, such as percent white, percent black, white poverty rate, and black poverty rate clusters exhibited a significant relationship and the residual were spatially autocorrelated. (2) In Detroit, there were higher residual for the variables, such as percent white, percent black, white poverty rate, and black poverty rate clusters exhibited a significant relationship and the residual were spatially autocorrelated. (3) In Philadelphia, there were higher residual for the variables, such as percent white, percent black, white poverty rate, and black poverty rate clusters exhibited a significant relationship and the residual were spatially autocorrelated. (4) In Dallas, there were higher residual for the variables, such as percent white, percent black, white poverty rate, and black poverty rate clusters exhibited a significant relationship with each other and the residual were spatially autocorrelated. Dallas also had lower residual with significant relationship for the same variable and the residuals were spatially autocorrelated. (5) In Tucson, there were lower residual for the variables such as percent white, percent black, white poverty rate, and black poverty rate clusters exhibited a significant relationship with each other and the residual were spatially autocorrelated. Tucson also had higher residual with no significant relationship for the same variable and no spatial autocorrelation. Although the pattern is stronger in shrinking cities, a similar spatial pattern can be found in growing cities as well. 
Discussion
This study investigated and extended the analysis of the relationship between poverty and vegetation in the five selected cities, by using spatial statistics to investigate the relationship between U.S. Census Tract level data (i.e., poverty, population, and race) and vegetation from the year 2010, based on the 1-km grid cells using OLS regression and GWR.
The results of the OLS and GWR models raised some interesting questions regarding the relationship between vegetation and socioeconomic variables in the shrinking and growing cities. Results from this study concurred with the discussed literature on inequitable distribution of vegetation with respect to racial/ethnic minorities [10, 11] . According to relevant research [5] [6] [7] , the United States Environmental Protection Agency policies, intended to create equitable and sustainable communities; the lack of access to vegetation at all the scales still experience environmental injustice.
(1) Black poverty rate in relationship to white poverty rate in most cities had a noticeably proportioned higher increase. (2) White poverty rate in relationship to black poverty rate had a higher increase in Chicago and Tucson. (3) There were slight differences in Tucson areas were white poverty rate is isolated from the black poverty rate spatial area. (4) During analysis in the shrinking versus growing cities, vegetation increased in shrinking cities and decreased in growing cities and vice versa.
However, our study offered new findings when compared to the existing literature. In support of improvements on environmental justice initiatives and issues on uneven accessibility of vegetation of all people regardless of race and color, data from our cluster mapping clarified the spatial aspects of both internal and external correlations for access to positive high and/or negative high vegetation with the socioeconomic variables for both urban shrinking and growing cities. The socioeconomic variables and shrinking cities had a relationship to positive high vegetation. White and Black populations in poverty had some equal access to positive high vegetation as non-poverty White and Black populations. Impoverished populations shared the same benefits of the positive high vegetation in urban areas cities.
The spatial autocorrelation results reflected each phenomenon equally. It was interesting to note that in the five cities (shrinking and growing), in some areas, white poverty and black poverty shared 
The results of the OLS and GWR models raised some interesting questions regarding the relationship between vegetation and socioeconomic variables in the shrinking and growing cities. Results from this study concurred with the discussed literature on inequitable distribution of vegetation with respect to racial/ethnic minorities [10, 11] . According to relevant research [5] [6] [7] , the United States Environmental Protection Agency policies, intended to create equitable and sustainable communities; the lack of access to vegetation at all the scales still experience environmental injustice. (1) Black poverty rate in relationship to white poverty rate in most cities had a noticeably proportioned higher increase. (2) White poverty rate in relationship to black poverty rate had a higher increase in Chicago and Tucson. (3) There were slight differences in Tucson areas were white poverty rate is isolated from the black poverty rate spatial area. (4) During analysis in the shrinking versus growing cities, vegetation increased in shrinking cities and decreased in growing cities and vice versa.
The spatial autocorrelation results reflected each phenomenon equally. It was interesting to note that in the five cities (shrinking and growing), in some areas, white poverty and black poverty shared the same space. In addition, in the shrinking and growing cities, in some areas, percent white, and percent black populations spatially shared the same space.
Spatial statistics addressed spatial patterns of our shrinking and growing cities [29] . Temporal analysis was important in the research because of our need to detect observable change and assess how patterns and relationships changed over time. When quantifying landscape patterns using remotely sensed data, we recognized that each pixel (i.e., picture element) has a temporal and spatial context. The pixel's temporal context refers to its past and present classification, and is often used to model landscape change [45] .
In the past research, vegetation that increased and decreased over time was hypothesized to occur unevenly across the urban landscape, thereby requiring an integrated spatiotemporal approach. Analysis of spatial autocorrelation helped us to determine relationship among variables in space [46] . To evaluate the degree of similarity of observation across space, global indices of spatial autocorrelation were used [47] . We used Moran's I, a global index of spatial autocorrelation [46] [47] [48] [49] . While global indices like Moran's I can measure spatial association of the entire data set, we used the local indicators for association local spatial clusters [44] , which identified clusters of high (hot) and low (cold) spots across space [48] [49] [50] .
Different types of data (quantitative and qualitative) were obtained from various sources (satellite imagery, maps, and census data) and mixed methodology (correlation, descriptive, and GWR) were used to meet the objectives of this research. Fotheringham and colleagues developed GWR into a convenient yet powerful technique that explores spatial nonstationarity and provides mappable statistics to visualize the spatial patterns of the relationships between dependent and independent variables [30] .
Limitation of the Study
In our analyses of the 72 cities, we selected five cities for the study area. Future research and analyses can be accomplished on the same study area or different cities. GWR has limitations, including issues that are associated with multicollinearity, kernel bandwidth selection, and multiple hypothesis testing [51] . Some of these issues have been addressed [52, 53] . Further detailed statistical analysis studies would need to be conducted to confirm the findings of this paper.
Conclusions
This study of the relationship between poverty and vegetation on the five selected cities using global and local regression indicated spatially varying relationships across the cities. Our specific findings: (1) A grid-cell-based spatial relationship using OLS and GWR models showed that the spatial models provided an enriched framework for understanding detailed spatial patterns of inequality.
(2) The advantages of GWR over OLS (i.e., explored issues of spatial nonstationarity) were further confirmed. (3) The GWR models showed that relationship among the variables varied spatially, with highly localized relationships not evident with the global regression models. (4) The GWR method is a great tool for hot spot analysis. (5) This study suggested that poverty-related areas were significant and strongly correlated with positive high and/or negative high vegetation in shrinking cities. NDVI was highly useful in detecting the surface features of the visible areas, which are extremely beneficial for municipal planning and management. The vegetation analysis can be used as a critical tool for policy-makers and planners to formulate a plan and/or program to study the quality of vegetation in shrinking and growing cities and its relationship to socioeconomic inequality. We believe this paper will provide a framework for other researchers to build on this study to develop the literature on vegetation and socioeconomic inequality in U.S. cities and suburbs.
